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LEARNING  FROM  BEHAVIORAL  MODELING 
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(What  the  Experienced  Modeler  Learns) 


by 


John  D.  W.  Morecroft 
Sloan  School  of  Management 
Massachusetts  Institute  of  Technology 
Cambridge  MA  02139  U.S.A. 


ABSTRACT 

What  does  an  experienced  modeler  learn  from  a  purely  descriptive  survey  of 
business  policies  and  speculation  about  their  structure  and  interaction? 
What  more  does  he  learn  from  writing  equations  and  drawing  structural 
diagrams?  What  does  he  learn  from  simulation  that  he  cannot  guess  from 
speculation?  The  paper  explores  these  questions  using  the  results  of  a 
modeling  project  for  a  growing  firm  in  the  telecommunications  industry. 
The  project  was  divided  into  two  distinct  phases  -  a  descriptive  survey  of 
business  structure  followed  by  simulation  modeling  and  analysis.   A  written 
report,  issued  immediately  after  the  survey,  served  as  a  benchmark  for 
measuring  new  insights  from  the  simulation  modeling  phase.   The  paper  shows 
the  independent  value  of  a  descriptive  survey,  which  comes  from  organizing, 
visualizing  and  interpreting  one's  knowledge  of  the  firm's  policies  and 
their  feedback  structure.   The  paper  also  shows  the  added  value  of  simula- 
tion modeling  and  analysis,  which  comes  from  better  structuring  of  poli- 
cies, visualizing  dynamic  behavior  and  explaining  behavior  in  precise 
stories.   But  at  present  one  pays  a  high  price  for  these  insights  from 
simulation.   A  modeler  spends  a  lot  of  time  interpreting  simulations,  and 
much  of  that  in  the  painstaking  process  of  discovering  formulation  errors. 
Very  often  the  discovery  of  errors  doesn't  improve  his  understanding  of 
business  policy  -  instead  it  reveals  his  limitations  as  an  equation  writer. 
To  learn  more  quickly  from  simulation  requires  better  simulation  languages 
to  improve  the  interface  betweeen  the  model  and  intuition. 
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MODELS  AND  LEARNING 

When  system  dynaraicists  contemplate  their  approach  to  solving  business 
and  social  problems,  they  will  often  admit  that  the  process  of  constructing 
a  simulation  model  is  as  valuable  for  problem  solving  as  the  final  model 
itself.   But  there  have  been  few,  if  any,  experiments  to  trace  what  a 
modeler  learns  from  a  modeling  project.   Usually,  the  results  of  a  project 
are  presented  as  though  the  model  leapt  complete  from  the  modeler's  mind. 
The  final  version  of  the  model  is  discussed,  without  reference  to  the 
modeler's  initial  mental  model  or  his  preliminary  conceptual  models. 
Rarely  does  the  modeler  explain  when  and  why  in  the  modeling  process 
particular  concepts  emerged.   The  model's  behavior  is  presented  in  a  series 
of  carefully  selected  simulation  runs  without  reference  to  the  many 
discarded  runs.   Rarely  does  the  modeler  compare  his  explanations  of 
dynamic  behavior  at  the  start  of  the  project  with  those  at  the  end. 

The  purpose  of  this  paper  is  to  explore  how  a  modeler's  understanding 
of  a  system  evolves  during  the  modeling  process.   The  paper  is  based  on  the 
results  of  a  business  policy  modeling  project  which  examines  the  policies 
of  a  growing  firm  in  the  telecommunications  industry.   The  paper  is 
organized  around  three  questions.   First,  what  does  one  learn  about  dynamic 
behavior  from  a  purely  descriptive  survey  of  the  firm's  policies  and 
speculation  of  their  interaction?  Second,  what  does  one  learn  from 
formulating  policy  functions  (writing  equations  and  drawing  structural 
diagrams)  that  is  not  apparent  from  the  descriptive  survey?   And  finally, 
what  does  one  learn  from  simulation  of  dynamic  behavior  that  cannot  be 
guessed  from  speculating  about  policy  interactions  ? 

Two  outstanding  thinkers  in  the  social  sciences  give  us  food  for 
thought  on  these  important  questions.   Forrester  (1975)  organizes  his 
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paper,  "Counterintuitive  Behavior  of  Social  Systems,"  on  "the  basic  theme 
that  the  human  mind  is  not  adapted  to  interpreting  how  social  systems 
behave."  He  suggests  that  people  misjudge  the  behavior  of  social  systems 
because  there  are : 


"...  orderly  processes  at  work  in  the  creation  of 
human  judgment  and  intuition,  which  frequently  lead 
people  to  wrong  decisions  when  faced  with  complex 
and  highly  interacting  systems." 


He  then  goes  on  to  contrast  a  computer  simulation  model  with  a  mental  model 
in  the  following  way: 


"...  the  most  important  difference  between  the 
properly  conceived  computer  model  and  the  mental 
model  is  in  the  ability  to  determine  the  dynamic 
consequences  when  the  assumptions  within  the  model 
interact  with  one  another.   The  human  mind  is  not 
adapted  to  sensing  correctly  the  consequences  of  a 
mental  model.   The  mental  model  may  be  correct  in 
structure  and  assumptions  but,  even  so,  the  human 
mind  -  either  individually  or  as  a  group  consensus 
-  is  most  apt  to  draw  the  wrong  conclusions.   There 
is  no  doubt  about  the  digital  computer  routinely 
and  accurately  tracing  through  the  sequences  of 
actions  that  result  from  following  the  statements 
of  behavior  for  individual  points  in  the  model 
system.   This  inability  of  the  human  mind  to  use 
its  own  mental  models  is  clearly  shown  when  a 
computer  model  is  constructed  to  reproduce  the 
assumptions  held  by  a  single  person.   In  other 
words,  the  model  is  refined  until  it  is  fully 
agreeable  in  all  its  assumptions  to  the  perceptions 
and  ideas  of  a  particular  person.   Then  it  usually 
happens  that  the  system  that  has  been  described 
does  not  act  the  way  the  person  anticipated. 
Usually  there  is  an  internal  contradiction  in 
mental  models  between  the  assumed  structure  and  the 
assumed  future  consequences." 


Simon  (1982,  pp.  17-22)  in  his  book,  "The  Sciences  of  the  Artificial," 
devotes  one  section  to  the  topic  "Simulation  as  a  Source  of  New  Knowledge." 
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Here  are  some  extracts; 


"...  This  brings  me  to  the  crucial  questions  about 
simulation.   How  can  a  simulation  ever  tell  us 
anything  that  we  do  not  already  know?  The  usual 
implication  of  the  question  is  that  it  can't  ... 
[However]  ...  There  are  two  related  ways  in  which 
simulation  can  provide  new  knowledge  -  one  of  them 
obvious,  the  other  perhaps  a  bit  subtle.   The 
obvious  point  is  that,  even  when  we  have  the 
correct  premises,  it  may  be  very  difficult  to 
discover  what  they  imply.   All  correct  reasoning  is 
a  grand  system  of  tautologies,  but  only  God  can 
make  direct  use  of  that  fact.   The  rest  of  us  must 
painstakingly  and  fallibly  tease  out  the  consequen- 
ces of  our  assumptions  ...  For  it  is  typical  of 
many  kinds  of  design  problems  that  the  inner  system 
consists  of  components  whose  fundamental  laws  of 
behavior  are  well  known.   The  difficulty  of  the 
design  problem  often  resides  in  predicting  how  an 
assemblage  of  such  components  will  behave  ... 

"The  more  interesting  and  subtle  question  is 
whether  simulation  can  be  of  any  help  to  us  when  we 
do  not  know  very  much  initially  about  the  laws  that 
govern  the  behavior  of  the  inner  system?  ...  [The 
question  can  also  be  answered  in  the  affirmative] 
...  if  the  aspects  in  which  we  are  interested  arise 
out  of  the  organization  of  the  parts,  independently 
of  all  but  a  few  properties  of  the  individual 
components." 


Both  writers  make  fascinating  philosophical  points  about  the  value  of 
computer  simulation  models  for  understanding  complex  systems.   Indeed  their 
observations  are  deep  and  rich  enough  to  suggest  that  a  whole  area  of 
research  exists,  as  yet  virtually  unexplored,  on  the  role  of  computer 
simulation  models  in  supporting  human  intuition  and  judgment.   Here  though 
I  have  a  more  limited  purpose  -  to  report  what  was  learned  from  behavioral 
modeling  and  simulation  of  one  particular  business  system. 

The  paper  adds  to  a  growing  interest  in  the  topic  of  model-based 
learning,  both  among  system  dynamicists  and  among  a  wider  group  of  computer 
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scientists.    Over  the  past  three  years  Wolstenholme  (1982),  (1983)  has 
been  urging  system  dynamicists  to  distinguish  between  qualitative  system 
dynamics  (the  conceptualization  and  structuring  of  models)  and  quantitative 
system  dynamics  (equation  writing  and  computer  simulation).   His  message  is 
clear.   Qualitative  system  dynamics  helps  us  structiore  our  knowledge  of 
business  and  social  systems  into  conceptual  models  that  are  better  than  our 
normal  mental  models.   So  we  can  learn  from  qualitative  modeling  without 
necessarily  writing  equations  or  making  simulations. 

Richmond  (1985)  and  Vescuso  (1985)  have  taken  a  different,  somewhat 
opposing,  view  of  the  same  issue.   Richmond  argues  that  system  dynamicists 
should  distinguish  their  skills  as  builders  of  new  theory  from  their  skills 
as  communicators  of  known  theory.   He  then  suggests  that  system  dynamics' 
greatest  potential  is  in  communication.   Modelers  can  create  learning 
laboratories  (simulation  models)  on  the  computer  which  communicate  the 
implications  of  known  theory  to  students  better  than  books  and  passive 
lectures  alone.   In  a  sense,  Richmond  is  stressing  the  value  of  learning 
that  comes  from  quantitative  system  dynamics  -  the  deeper  understanding  of 
complex  theory  (the  mental  models  of  great  thinkers)  that  one  derives  from 
structuring  the  theory's  concepts  and  playing  with  them  in  computer 
simulations.   (He  is  also  showing  how  good  software,  with  plenty  of 
graphics,  can  help  one  move  easily  between  qualitative  and  quantitative 
models.) 

BACKGROUND  ON  THE  MODELING  PROJECT 

The  modeling  project  began  in  the  late  summer  of  1984»  with  a  large  and 
growing  company  in  the  datacommunications  industry,  which  we  shall  refer  to 
as  Massachusetts  Business  Machines,  MBM.   The  company  operates  in  the 
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highly  competitive  data   processing  and  teleconununications  market.      It 
manufactures  and   sells  minicomputers,    microcomputers,    data  and  voice 
switching  systems  and  local  area  networks.      Its  product  lines  are  aimed  at 
the  so-called  "office  of   the   future." 

The  purpose  of   the   project  was   to  examine    the  design  of  MBM's  policies 

and  programs  for   implementing  its  growth  strategy  in  the  datacoramunications 

2 
market.      Despite   the  company's  many   strengths,      it  was  experiencing 

difficulties.      New  product  lines  were   in  short  supply  and  were   taking 

twelve  months,    or  more,    to  deliver  to  customers.      Sales  executives  were 

missing  their  revenue  and  sales   targets,    and  salesmen  were   so  far  from 

achieving  their  sales  quote   that  drastic  midyear  revisions  were  made   to 

their  compensation  plan  to  prevent  them  quitting. 

The   Modeling  Process  and   the   Learning  Experiment 

A  small  project  team  was  established  consisting  of  an  experienced 
modeler   (the  author),   one   senior  manager  from  MBM  and  two   staff  managers. 
After  two  days  of  exploratory  discussions  with  product  managers,   business 
planners,    schedulers  and  salesmen,    we   decided  as  a  first  step,    to   focus  our 
attention  on  the   customers'    procedures  for  ordering,    the   factories' 
policies  for   forecasting  and  production  planning,    and  the   sales 
organization's   policies   for  regulating   sales  effort.      We   felt   that  by 
studying  the   coordination  of  ordering,    production  planning  and  sales  effort 
we   would   come   to  better  understand   the   company's   product  shortages   and   high 
delivery   intervals.      As   we    set   the   model's   boundary,    our   thinking  was 
influenced   (though  not  rigidly  constrained)    by   Forrester's  market  growth 
model   (1968),    Morecroft's   migration   strategy  model    (1984)   and   well-known 
production  models    (Lyneis,    1980,    chapter  4)> 
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To  enable  us  to  track  our  learning,  we   divided  the  project  into  two 
distinct  phases  —  a  descriptive  survey  of  business  structure  and  then 
simulation  modeling  and  analysis.   Immediately  after  the  survey  we  issued  a 
written  report  explaining  our  understanding  of  the  system's  policy 
structure  and  likely  behavior  (Morecroft  and  Paich,  1984.  pp.  19-48).   The 
report,  which  was  written  over  a  period  of  three  days,  became  a  benchmark 
for  comparing  insights  from  the  project's  descriptive  phase  with  the  later 
simulation  modeling  phase. 

Not  surprisingly,  the  learning  experiment  has  many  limitations.   One 
problem  is  to  separate  the  knowledge  that  the  project  team  brings  to  a 
situation  from  its  later  discoveries.   Here  I  shall  simply  report  the 
individuals'  professional  backgrounds,  so  the  reader  is  aware  of  the  team's 
initial  knowledge.   The  modeler  on  the  team  (the  author)  had  ten  years' 
experience  in  system  dynamics  modeling.   The  team's  senior  manager  had 
eighteen  years'  experience  in  the  data communications  industry,  mostly  in 
financial  planning,  forecasting  and  market  analysis.   In  addition  the  team 
sought  the  advice  of  a  seasoned  manufacturing  manager.   Despite  their 
shared  knowledge,  each  member  of  the  project  team  learns  something 
different  from  the  project.   The  paper  reports  the  experienced  modeler's 
learning  only;  in  other  words,  the  new  insights  the  modeler  gained, 
starting  from  a  good  knowledge  of  production  dynamics  and  production/market 
feedback  structures,  and  drawing  on  the  business  experience  of  the  planning 
and  manufacturing  managers. 
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LEARNING  FROM  BUSINESS  STRUCTURE  ANALYSIS  (Qualitative  System  Dynamics) 
Business  structure  analysis  is  a  descriptive  survey  of  the  system's 
behavioral  decision  functions,  followed  by  a  narrative  interpretation  of 
the  feedback  loops,  that  result  from  coupling  the  decision  functions 
(Morecroft,  1985) •   It  is  rather  like  traditional  model  conceptualization 
in  that  one  is  probing  the  business,  asking  questions,  trying  to  understand 
which  parts  of  the  system  to  include  in  the  survey's  boundary,  trying  to 
understand  how  the  business  operates  and  groping  for  explanations  of  the 
firm's  problems.   But  is  it  more  than  traditional  conceptualization, 
because  as  the  modeler  structures  the  system,  he  pays  particular  attention 
to  the  way  decisions  are  made  and  the  information  on  which  they  are  based? 
(.Morecroft,  1983)   In  this  early  descriptive  phase  of  a  project  the  modeler 
is  a  "process"  analyst.   He  knows  that  to  understand  business  behavior  he 
must  look  for  the  firm's  standard  operating  procedures,  factored 
responsibiliies,  local  goals,  routines  and  traditions,  in  short  all  those 
processes  by  which  organizations  coordinate  the  activities  and  decisions  of 
a  large  number  of  individuals  (Hall,  1984)* 

In  this  section  of  the  paper  we  report  the  findings  of  the  business 
structure  analysis  at  MBM.   Since  our  purpose  is  to  accurately  record  the 
learning  at  each  stage  of  the  modeling  project  we  will  base  the  analysis 
strictly  on  the  content  of  the  written  policy  report.   To  be  brief  we  will 
limit  our  discussion  to  the  customers'  ordering  policy  and  the  firm's 
behavioral  production  planning  policy.   The  reader  who  would  like  to 
examine  the  complete  report  of  business  structure  is  referred  to  Morecroft 
and  Paich  (1984) . 

The  business  structure  analysis  is  organized  in  two  sections.   First 
there  is  a  discussion  of  the  principal  behavioral  decision  functions  viewed 
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in  isolation.   Then  feedback  loop  diagrams  are  used  to  illustrate  and 
interpret  some  important  connections  between  the  decision  functions. 

Behavioral  Customer  Ordering 

The  decision  to  order  a  microcomputer,  a  workstation,  or  an  electronic 
voice  and  data  switch  is  clearly  an  imperfect  process.   Anyone  who  has 
considered  the  purchase  of  a  personal  computer  knows  first-hand  the 
impossibility  of  making  a  fully  informed,  unambiguously  "correct"  choice  of 
product.   There  are  far  too  many  competing  products  to  consider,  their 
technical  price/performance  specifications  are,  at  best,  only  partly  known, 
even  to  the  manufacturers.   So  how  do  customers  make  such  choices  ? 

A  principal  influence  is  sales  effort,  as  shown  in  figure  1.   Few 
purchasers  of  office  systems  will  spontaneously  place  an  order  without 
first  having  a  demonstration  and  talking  with  a  salesman.   Very  often  it  is 
the  salesmen  who  initiate  the  customers'  interest  and  make  them  aware  of 
the  existence  of  the  product  and  its  features.   Once  a  customer  is  aware  of 
the  product,  a  variety  of  criteria  may  influence  the  ultimate  decision  to 
place  an  order. 

The  customer  is  interested  in  the  product's  price/performance  ratio  — 
its  value  for  money  compared  with  competing  products  or  the  old  equipment 
it  will  replace.   But,  for  technically  complex  products,  price/performance 
is  always  a  very  subjective  assessment,  influenced  by  rumor,  by  a 
salesman's  persuasiveness,  and  by  personal  preference.   The  customer  is 
also  interested  in  the  product's  delivery  interval.   If  the  interval  is  too 
long,  the  customer  may  simply  lose  interest  or  place  an  order  with  a 
competitor.   But  delivery  interval  is  never  known  with  accuracy.   A  company 
establishes  a  reputation  both  for  its  delivery  interval  and  for  the 


D-3757  1 1 

reliability  of  the   delivery  quotes  its   salesmen  make.      It  is   these 
subjective  sources  of  information   that  enter   the   customer's  behavioral 
ordering  function. 

Behavioral  Production  Planning 

Production  planning  at  MBM  is  a  multilayer  process  that  consolidates 
information  from  the  marketing  organization,    from  product  management,    from 
a   central  product  scheduling  organization,    and  from  the   factories.      Figure 
2  shows   the   information  entering  the  production  planning  policy. 

An  important  input  is   the  market  forecast  based  on   the  marketing 
staff's  business  plan.      The  business  plan   starts  from  an  estimate  of  total 
industry  volume   for  all   classes  of  data   communications  equipment.      From 
historical  data  and  various  business  assumptions   (new  product  introduc- 
tions,    price   changes,    competitor  actions,   expected  delivery  intervals), 
planners  compute  MEM's  expected   share  of  industry  sales.      Then,    they 
multiply   industry  volume  and  expected  share   to  generate  TffiM's  sales 
forecast  by  product  line  over  a   two-year  planning  horizon.      The   sales 
forecast  is  adjusted  to  account  for  excesses  or   shortages  of  field  and 
distribution   inventories   and   the   adjusted   forecast  is   fed   to   the   factory. 

So   far,    the   pl=inning  process   is  a  rather   logical  exercise   in  gathering 
and  processing  market  information.      But  as  the  forecast  enters  the 
production  planning  policy,    it  is   subject  to  considerable  distortion  and 
manipulation  by  organizational   and  cognitive  factors. 

In   the    first   instance,    MBM's  market   forecasts   lack  credibility  at   the 
manufacturing  plants.      The   source   of   this  distrust  is  quite   complex.      In 
recent  years,    MBM  has  been  reorganized  several   times  and  its  competitors 
have   grown   in   size   and  number.      Simultaneously,    the   company   has   introduced 
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Figure  1 :   Behavioral  Customer  Ordering 
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Figure  2:   Behavioral  Production  Planning 
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many  new  products.   Factory  managers  feel  that  planners  simply  don't  know 
the  market's  potential  size  (despite  the  elaborate  forecasting  process) 
and,  therefore,  market  forecasts  are  treated  with  great  caution.  Moreover, 
as  factory  managers  are  very  cost-conscious  due  to  increasing  price 
competition  in  the  market,  their  caution  leads  them  to  set  production 
schedules  that  are  lower  on  average  than  market  forecasts. 

Production  planning  depends  partly  on  backlog  position.   If  backlog  is 
very  high  (relative  to  company  standards),  then  production  is  increased. 
But  at  MBM,  backlog  is  measured  in  a  rather  curious  way.   An  order  is 
defined  as  being  in  a  backlog  position  when  its  quoted  shipping  date  is 
past  due.   So  backlog  for  MBM  is  not  the  accumulation  of  all  unshipped 
orders,  but  only  those  past  due.   Therefore,  provided  all  shipments  are 
being  made  on  or  before  their  promised  due  date,  there  is,  by  definition, 
no  backlog,  even  though  delivery  intervals  may  be  two  or  three  times  the 
industry  average. 

The  backlog  control  policy  does,  however,  have  a  clear  rationale.   It 
is  most  important  for  MBM's  market  reputation  that  product  deliveries  are 
reliable  —  in  other  words,  that  a  customer  gets  a  product  when  promised. 
It  is  therefore  quite  natural,  when  shipping  dates  are  missed,  that  parti- 
cularly strong  pressure  is  applied  to  increase  production. 

Production  planning  is  also  influenced  by  delivery  interval  (as 
perceived  by  the  factory  managers).   High  delivery  intervals  generate 
pressure  to  increase  production.   But  this  information  source  does  not 
receive  the  quick  attention  of  measured  backlog,  partly  because  it  is  less 
urgent  (deliveries  are  being  made  as  promised,  albeit  on   a  rather  drawn-out 
schedule),  and  partly  because  product  schedulers  who  track  the  interval  are 
several  hundred  miles  from  the  factories. 
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Production  planning  depends  on   inventory  position,    too.      If   there   is 
too  much  inventory,   production  vfill  decline.      Conversely,    if  there   is  too 
little  inventory,    production  will   increase.      In  recent  years,    though,   MBM's 
inventory  policy  has  become  much  tighter.      The   company  is  now  much  less 
willing  than  before   to  tolerate  several   weeks'    worth  of  production  sitting 
in   the   plant  as   finished   inventory.      The   new   lean   inventory   philosophy 
calls  for  minimal   finished  inventory,    the   smallest  amount  necessary  to 
service   the   shipping  dock,   but  no  more. 

Visualizing  Feedback  Loops 

If  one  believes   the  behavioral  assumptions  described  above,    what  do 
they   imply  for  MBM's  business   strategy?      Are   MBM's   sales  and  manufacturing 
policies  consistent  with  the   company's  stated  goal  of  becoming  a  major 
supplier  of  fully  integrated  office   systems?     We  can  begin  to  answer  this 
question  by  imagining  how   the  policies  interact.      First,    let  us  visualize 
the  feedback  loops  connecting  the   policies. 

Figure   3   shows   a   negative   feedback   loop   connecting  customers'    ordering 
to  MBM's  deliveries.      Consider  the   loop's  operation  if  product  suddenly 
becomes   less   available   (the   factory   shuts   down,    or   there    is   a   transporta- 
tion  strike).      Shipments  decline,    causing   the   delivery   interval    to   rise. 
When    the   delivery   interval   rises,    it   takes  more    time    for   a   salesman   to   make 
a   sale,    so   tteit,    for  any  given   sales  effort,    orders   booked  decline.      When 
orders  booked  decline,    the   backlog,    which  has   previously  been   growing  due 
to   restrained   shipments,    is   stabilized.      Here   is  a   self-regulating  demand 
mechanism   that  brings   orders  booked   into   a   balance   with  shipments. 

Figure   4   shows   a   positive   feedback   loop  coupling  customers'    ordering  to 
MBM's   production   planning  and  delivery   policies.      This   loop   can   readily 
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Figure  3:   Feedback  Loop  for  Self-Regulating  Demand 
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Figure  4:   Feedback  Loop  for  a  Self-Fulfilling  Forecast 
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generate  self-fulfilling  forecasts,  as  the  following  argument  shows. 

Suppose  that  production  declines  due  to  a  previously  inaccurate,  low 
forecast.   If  there  is  very  little  finished  inventory,  a  decline  in 
production  quickly  curtails  shipments.   When  shipments  fall,  the  delivery 
interval  rises,  time  per  sale  increases,  and  orders  booked  fall.   When 
orders  fall,  market  share  declines,  and  so  eventually  does  expected  market 
share,  as  it  is  based  largely  on  historical  market  share  data.   Because 
expected  share  falls,  the  marketing  forecast  is  further  reduced  and  so, 
eventually,  is  the  manufacturing  schedule  and  production  rate.   The  initial 
product  shortage  therefore  feeds  back  to  reinforce  itself. 

Interpreting  Feedback  Loops  -  Self-Suppressing  Demand 

Imagine  now  what  happens  when  the  two  loops  are  combined,  as  they  are 
in  the  real  system.   If  product  availability  declines,  the  self-regulating 
loop  swings  into  action,  depressing  orders.   The  self-fulfilling  forecast 
loop  uses  the  declining  order  stream  as  a  basis  for  production  scheduling 
and  thereby  exacerbates  the  product  shortage.   By  adding  the  forecast  loop 
to  the  self-regulating  demand  loop,  it  is  possible  for  a  firm  to  create, 
unintentionally,  a  system  of  distributed  decisionmaking  that  consistently 
underestimates  the  size  and  potential  of  its  market. 

But  the  analysis  is  far  from  complete  or  thorough.   At  this  stage  we 
know  that  self-suppressing  demand  is  a  tendency  of  the  system.   However, 
there  are  other  feedback  loops  in  production  planning  that  may  counteract 
this  tendency.   Here  we  will  explore  one  important  loop,  the  backlog 
control  loop,  that  couples  the  production  planning  policy  to  the  size  of 
the  backlog,  as  shown  in  figure  5. 

If  backlog  grows  due  to  an  increase  in  orders,  there  is  pressure  to 
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Figure  5:   Feedback  Loop  for  the  Control  of  Backlog 
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increase  production  (above  and  beyond  the  needs  dictated  by  the  forecast). 
Production  rises,  after  a  logistical  delay,  and  product  availability  is 
increased,  allowing  ain  increase  in  shipments  to  prevent  further  growth  in 
the  backlog.   If  this  control  mechanism  is  swift  both  in  detecting  and 
correcting  for  growth  in  backlog  (without  causing  undue  instability  in 
production),  it  is  an  effective  way  of  regulating  the  company's  delivery 
interval.   If  the  delivery  interval  is  quite  stable  (and  competitive  within 
the  industry),  then  the  systems'  tendency  to  suppress  demand  becomes 
dormant,  even  though  the  feedback  structures  causing  it  are  still  present. 
At  MBM  the  backlog  control  loop  is  weak  because  of  the  way  the  company 
defines  and  measures  backlog.   Measured  backlog  is  the  total  number  of 
orders  on  hand  that  are  past  due,  or  beyond  the  promised  delivery  interval. 
But  since  the  promised  delivery  interval  is  not  necessarily  competitive  (it 
is  what  the  company  knows  it  can  comfortably  achieve  given  prevailing 
supply  conditions),  MBM  factories  receive  at  best  a  weak  backlog  signal  to 
expand  production  if  orders  increase  unexpectedly.   So  MBM's  method  of 
defining  backlog  means  that  the  company  regulates  the  reliability  of  its 
deliveries  (an  important  thing  to  do),  but  not  its  delivery  interval  (which 
affects  the  competitive  position  of  its  products). 

LEARNING  FROM  FORMULATION  (Quantitative  System  Dynamics) 

Formulation  includes  structural  diagramming  (drawing  policy  structure 
diagrams  more  detailed  than  any  produced  during  the  business  structure 
analysis),  equation  writing,  simulation  testing  (to  find  equation  errors) 
and  meetings  with  members  of  the  project  team  to  review  diagrams  and 
equations.   To  get  a  first  cut  model  on  the  computer  took  four  days  of 
diagramming  and  equation  writing.   It  took  a  further  16  full  days  of  simu- 
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lation  tests,  equation  revisions  and  conversations  to  arrive  at  the  model 
and  simulations  used  in  this  paper.   During  that  time  the  model  went 
through  four  major  revisions  (significant  changes  to  policy  formulations 
and  major  changes  of  model  terminology)  and  numerous  minor  revisions 
(changes  to  parameter  values,  variable  names  and  individual  equations). 
Approximately  70  separate  simulation  experiments  were  conducted,  showing, 
on  average,  some  25  different  time  series.   So  in  total  about  1750  synthe- 
tic time  series  were  plotted  and  closely  examined  during  formulation  and 
simulation  testing! 

After  all  this  effort,  what  new  insights  into  business  policy  emerged? 
Here  I  will  focus  on  some  new  facts  that  were  learned  about  production 
planning.   First,  however,  let  us  review  what  we  have  already  discovered 
about  MBM's  production  planning. 

The  business  structure  analysis  pinpointed  a  weakness  in  the  company's 
production  planning  procedure,  stemming  from  the  way  the  company  defines 
and  measures  backlog.   From  our  initial  discussions  with  schedulers,  we 
noted  that  factory  production  is  particularly  sensitive  to  past  due  orders, 
but  not  to  total  backlog.   From  this  observation  we  concluded  that  MBM's 
backlog  control  loop  is  weak.   The  factories  receive  only  a  weak  signal 
from  backlog  to  expand  production  if  orders  increase  unexpectedly,  because 
only  those  orders  that  are  past  due  receive  special  attention.   Moreover, 
we  argued  that,  without  effective  backlog  control,  the  system  lacks  an 
important  mechanism  to  check  its  tendency  to  suppress  demand. 

The  argument  was  appealing  and  even  persuasive.   It  was  presented  on 
two  occasions  to  individuals  with  knowledge  of  production  planning  and  with 
factory  experience.   These  individuals  reaffirmed  the  assumption  that  past 
due  orders  are  the  measure  of  backlog  that  counts  in  the  factories.   They 
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also  felt  that  weak  backlog  control  could  be  a  contributing  factor  to  the 
company's  poor  delivery  record. 

However,  as  model  formulation  proceeded,  it  became  apparent  that  the 
projects  teams'  understanding  of  production  planning  and  backlog  control 
was  deficient.   Here  we  will  trace  how  the  process  of  model  formulation 
revealed  the  deficiencies.   (The  reader  should  note  that  to  simplify  the 
presentation,  I  have  separated  formulation  from  simulation,  though  in 
practice  the  two  are  completely  interwoven.   One  shuttles  repeatedly 
between  equations  and  simulations,  gradually  refining  the  model's  formula- 
tions.  The  next  section  of  the  paper  shows  this  process  of  refinement.) 

Model  formulation  begins  by  charting  the  system's  policy  structure, 
paying  careful  attention  to  stocks  and  flows  and  to  the  information 
available  in  policy  functions.   The  production  planning  policy  was  the 
first  to  be  charted.   Immediately,  a  formulation  puzzle  arose.   One  piece 
of  the  puzzle  is  shown  in  the  top  half  of  figure  6.   If  the  planning  policy 
generates  action  in  the  factory,  then  what  is  the  level  variable  (if  any) 
that  accumulates  the  action?  Some  thought  on  this  question  led  to  the 
vague  realization  that  the  level  (whatever  its  name)  accumulates  the 
factory's  own  preparations  for  future  production,  such  as  requests  for 
capacity  and  material.   But  if  the  policy's  purpose  is  to  make  advance 
preparations,  should  it  use  both  the  short  terra  business  forecast  and 
measured  backlog?   (See  bottom  half  of  figure  6.)   Are  both  pieces  of 
information  relevant  to  advance  planning?  The  business  forecast  clearly  is 
relevant  because  it  looks  to  the  future.   Schedulers  use  the  forecast  to 
estimate  demand  and  to  order  materials  at  the  horizon  of  the  rolling 
production  schedule.   Measured  backlog,  on  the  other  hand,  is  information 
most  relevant  to  the  present.   It  is  the  number  of  orders  which  are  past 
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due  at  the  current  time.   Measured  backlog  information  has  no  place  in 
advanced  planning,  because  one  does  not  want  to  wait  the  entire  six-month 
planning  horizon  to  take  action  on  past  due  orders.   With  this  reasoning  it 
made  sense  to  eliminate  past  due  orders  as  an  input  to  the  planning  policy. 

But  then  two  new  questions  arose.   If  production  schedulers  don't  use 
past  due  orders  for  advance  planning,  what  alternative  information  on 
backlog  condition  do  they  collect  and  use?  Moreover,  which  factory 
decisions  do  use  past  due  orders,  since  we  know  that  the  factory  acts  to 
eliminate  late  orders?  By  pondering  these  questions,  it  gradually  became 
clear  that  the  model's  policy  structure  should  distinguish  between  advance 
planning  of  production  and  last  minute  expediting. 

A  satisfactory  resolution  of  the  formulation  puzzle  took  a  long  time. 
It  took  eight  versions  of  the  model  to  capture  the  distinction  between 
advance  planning  and  expediting  concisely  in  equations.   Many  hours  were 
spent  in  conversation  with  an  experienced  manufacturing  executive  to 
understand  how  factory  managers  expedite  from  a  pre-planned  schedule  of 
production.   This  conversation  also  led  to  a  major  revision  of  variable 
names  to  ensure  that  factory  managers  could  understand  the  model.   The  time 
spent  was  well  worthwhile,  because  at  the  core  of  the  formulation  puzzle 
lay  a  better  understanding  of  backlog  control. 

Figure  7  shows  the  final  policy  structure  diagram  that  emerged  from  the 
many  attempts  to  formulate  the  model.   (The  reader  should  note  that,  for 
the  sake  of  brevity  and  clarity,  the  diagram  omits  finished  inventory  and 
the  inventory  control  policy.   The  omission,  however,  does  not  detract  from 
our  purpose  here  of  discussing  the  learning  made  possible  by  formulation.) 
We  will  focus  our  attention  on  the  two  shaded  areas  which  contain  the 
concepts  used  to  model  advance  production  planning  and  expediting.   We  will 
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also  describe   the   corresponding  equations.      For   the   interested  reader, 
there   is  a  documented  listing  of  the  complete  model   in  the  appendix. 

Advance  Production  Planning 

Advance  production  planning  results   in  a  schedule  of  firm  planned 
orders  for  a  period   six  months  into   the   future.      Manufacturing  people  think 
of  firm  planned  orders  as  capacity  and  materials  committed  to   the 
production  of  particular  products  at  specified  times  in  the   future.      For 
example,   a   planned  order  due   in  six  months   time  may  have  a  claim  on  both 
current  factory  inventory  and  parts  on  order  with  suppliers. 

L  FPO.K   =  FPO.J   +    (DT)(APO.JK   -  P.JK)  (1) 

N  FPO  =  STBF  *  MPH  (2) 

R  APO.KL  =  STBF.K   +  UO.K  /   TCUO  (3) 

C  TCUO   =   1    MONTH  (4) 

A  STBF.K   =  SMOOTH   (CO.JK,    TAF)  (5) 

C  TAF  =   6  MONTHS  (6) 

where : 

FPO  Firm  Planned  Orders  (Units) 

APO  Additions  to  Planned  Orders  (Units/Month) 

P  Production  (Units/Month) 

STBF  Short  Term  Business  Forecast  (Units/Month) 

UO  Unexpected  Orders  (Units) 

TCUO  Time  to  Correct  Unexpected  Orders  (Months) 

CO  Customer  Orders  (Units/Month) 

TAF  Time  to  Adjust  Forecast  (Months) 

MPH  Manufacturing  Planning  Horizon 

■-      Equations  1  through  6  show  how  firm  planned  orders  change.   The  reader 
can  also  trace  the  logic  of  the  equations  in  figure  S.   Firm  planned  orders 
are  increased  by  additions  to  planned  orders  which  roll  in  monthly  from  the 
edge  of  the  planning  horizon.   They  are  consumed  by  production.   In 
equation  3,  additions  to  planned  orders  are  driven  by  the  short  term 
business  forecast  and  by  unexpected  orders.   In  a  world  with  perfect 
foresight  only  the  forecast  would  be  necessary  for  advance  planning  because 
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the  forecast  would   specify  what  products  to  preschedule   in  exact 
anticipation  of  customer  orders.      But  perfect  foresight  is  a  myth.      The 
model  makes   the  more  realistic  assumption  in  equations  5  and  6  that  the 
forecast  is  based  on   past  sales  experience  —  a   six  month  exponential 
smoothing  of  customer  orders.      A  long  smoothing  constant  is  chosen  to 
represent  the   time   consumed  in  gaining  commitment  to   the   forecast 
throughout  the   sales  organization. 

Unexpected  Orders 

When  the   forecast  is   inaccurate,    or  more   specifically  when  it  is  biased 
downward,   unexpected  orders  accumulate  which  must  be  factored  into  the 
production  plan   if  adequate   production   is   to  be   scheduled  for   the  future. 
But  what  are  unexpected  orders  and  how  do  product  schedulers  recognize 
them?     This   is   the   central  policy  issue   of  the  model   and  the   issue   that,    in 
retrospect,    was  least  clear  from  the  descriptive  analysis.      The  equations 
for  unexpected  orders  encapsulate   most  of  the   learning  from  the   formulation 
stage   of  modeling. 

A  UO.K  =  OB.K   -  RPO.K  (7) 

A  RPO.K   =  OS.K  (3) 

A  OS.K   =  FPO.K  *  PPOC.K  (9) 

A  PPOC.K   =   OB.K   /   FPO.K  '                                                  (10) 


where : 


UO  Unexpected  Orders  (Orders) 

OB  Orders  Booked  (Orders) 

RPO  Reference  Planned  Orders  (Units 

OS  Orders  Scheduled  (Units) 

FPO  Firm  Planned  Orders  (Units) 

PPOC  Percentage  of  Planned  Orders  Committed  (Dimensionless) 


In  equation  7,  unexpected  orders  are  defined  as  the  difference  between 
orders  booked  and  reference  planned  orders.   In  equation  8,  reference 
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planned  orders  are  defined  as  orders  scheduled,  which,  as  equations  9  and 
10  show,  are  those  planned  orders  that  have  been  assigned  to  customer 
orders.   The  experienced  modeler  will  notice  that  together,  equations  8,  9 
and  10  define  reference  planned  orders  to  be  exactly  equal  to  orders 
booked.   So,  in  equation  7,  unexpected  orders  are  always  zero!   This 
redundancy  in  the  equations  is  no  oversight.   It  is  an  attempt  to  capture 
the  way  production  planning  information  is  generated  and  processed  in  the 
real  system. 

What  we  have  modeled  is  known  to  manufacturing  planning  people  as  a 
"slot  planning"  system  (commonly  used  in  factories  whose  products  are  built 
to  order).   When  customer  orders  arrive  they  are  assigned  a  convenient  slot 
in  the  future  production  schedule.   The  slot  defines  the  time  at  which  the 
order  will  be  completed.   Our  formulations  show,  however,  that  factories 
using  slot  planning  seldom  know  whether  backlog  is  too  high  or  too  low. 
Their  problem  is  to  specify  a  reference  against  which  to  measure  backlog. 
Because  of  the  long  production  planning  horizon,  product  schedulers  can 
almost  always  find  an  open  production  slot  for  a  new  customer  order.   When 
a  customer  order  has  been  assigned  a  production  slot,  it  is  no  longer 
unexpected.   It  is  now  accounted  for.   So,  because  of  the  way  new  orders 
are  slotted,  it  is  very  difficult  to  generate  feedback  in  the  system  which 
signals  an  excessively  high  backlog. 

Curiously,  our  final  insight  from  the  formulation  process,  weak  backlog 
control,  is  exactly  the  same  as  from  the  descriptive  survey.   But  our 
understanding  of  why  backlog  control  is  inadequate  is  now  much  deeper  and 
more  helpful  for  policy  design.   Moreover,  the  system's  tendency  to 
suppress  demand  now  rests  on  the  proposition  that  a  reference  for  backlog 
is  difficult  to  define,  rather  than  the  weaker  proposition  that  backlog  is 
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actually  unknown. 

Expediting 

As  time  goes  by,  real  customer  orders  are  received  which  are  matched 
against  planned  orders.   Inevitably  planning  errors  occur  so  that  customer 
orders  differ  from  planned  orders  in  quantity  and  timing.   When  the  plan  is 
in  error,  the  factory  must  either  expedite  or  reschedule  the  customer 
order.   It  must  use  the  materials  and  capacity  associated  with  firm  planned 
orders  to  do  the  best  possible  job  of  filling  customer  orders  on  time. 
Expediting  is  a  compromise  between  the  desire  to  satisfy  customers  and  the 
desire  to  produce  according  to  plan.   The  nature  of  the  compromise  differs 
from  factory  to  factory  depending  on  production  technology  (how  difficult 
it  is  to  reschedule  machines  and  materials)  and  management  attitudes  (the 
importance  attached  by  the  company  to  efficient  production  versus  customer 
service).   The  equations  below  show  how  the  modelers'  understanding  of 
expediting  was  formulated. 

R  P.KL  =  SS.K  *  FP  +  PSP.K  *  (1-FP)  (11) 

C  FP  =  .3  (12) 

A  PSP.K  =  FPO.K  /  MPH  (13) 

A  SS.K  =  OB.K  /  PPI.K  (14) 

where : 

P  Production  (Units/Month) 

SS  Scheduled  Shipments  (Units/Month) 

PSP  Production  Suggested  by  Plan  (Units/Month) 

FP  Flexibility  of  Production  (Dimensionless) 

FPO  Firm  Planned  Orders  (Units) 

MPH  Manufacturing  Planning  Horizon  (Months) 

OB  Orders  Booked  (Orders) 

PDI  Published  Delivery  Interval  (Months) 

Equations  (11)  and  (12)  capture  the  compromise  nature  of  expediting. 

Production  is  a  weighted  average  of  scheduled  shipments  and  production 

suggested  by  the  plan.   The  weighting  parameter  is  called  the  flexibility 
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of  production.   It  represents  how  the  firm's  production  methods  and 
attitudes  constrain  deviations  between  production  and  plan.   If  the 
parameter  is  set  to  zero  then  production  is  dictated  entirely  by  the  plan  - 
it  is  inflexible.   If  the  parameter  is  set  to  one,  then  production  adjusts 
to  meet  the  schedule  of  shipments,  regardless  of  the  plan.   For  MBM,  the 
flexibility  of  production  was  set  as  a  value  of  .3.   Equation  (13)  defines 
production  suggested  by  the  plaui  as  firm  planned  orders  divided  by  the 
manufacturing  planning  horizon.   So  if  the  manufacturing  planning  horizon 
is  six  months,  then  production  suggested  by  the  plan  is  one-sixth  of 
current  planned  orders.   This  formulation  approximates  the  idea  that  the 
firm's  ideal  current  production  rate  depends  on  planned  orders  that  were 
scheduled  six  months  earlier. 

Finally,  equation  (14)  defines  scheduled  shipments  as  orders  booked 
divided  by  the  published  delivery  interval.   For  a  given  published  delivery 
interval  the  company  must,  on  average,  ship  more  units  per  month  as  its 
order  backlog  grows,  if  customers  are  to  receive  their  goods  on  time. 

LEARNING  FROM  SIMULATION  (Quantitative  System  Dynamics  Again) 

What  can  a  computer  simulation  tell  us  that  we  can't  learn  from 
speculating  about  the  model's  assumptions?  Simon's  answer,  quoted  earlier, 
is  insightful  and  realistic.   He  suggests  that  simulation  aids  correct 
reasoning  by  helping  us  to  "painstakingly  and  fallibly  tease  out  the 
consequences  of  our  assumptions."   What  Simon's  statement  makes  clear  is 
that  all  reasoning  is  a  process  of  teasing  consequences  out  of  assumptions 
and  that  reasoning  aided  by  computer  simulation  is  really  no  different  than 
reasoning  aided  by  argument,  by  organized  debate,  by  writing  or  by  any 
analytical  framework.   So  what  one  learns  from  simulation  is  a  relative 
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matter  —  it  depends  a  great  deal  on  the  sophistication  of  the  reasoning 
that  preceded  the  simulation  analysis. 

Here  we  use  the  riBM  model  to  illustrate  more  specifically  how 
simulation  aids  reasoning.   As  our  baseline  to  measure  learning  we  use  the 
understanding  of  dynamic  behavior  developed  in  the  business  structure 
analysis. 

I  have  chosen  to  divide  the  discussion  into  three  topics:  discovering 
formulation  errors,  telling  better  stories  and  explaining  surprise 
behavior.   I  think  most  system  dynaraicists  will  find  the  division  quite 
natural.   For  lack  of  space,  I  have  chosen  to  omit  a  fourth  topic  — 
learning  from  policy  design,  although  the  MBM  model  did  provide  useful 
insight  in  this  area. 

X -  Discovering  Formulation  Errors 

System  dynamicists  are  well  aware  that  simulation  is  important  for 
detecting  formulation  errors.   In  fact,  simulation  is  really  an  integral 
part  of  model  formulation.   Experienced  modelers  thrive  on  simulations 
which  show  implausible  dynamic  behavior,  because  odd  simulations  help  them 
detect  incorrect  (but  previously  hidden)  assumptions  in  their  equations. 
Forrester  and  Senge  (1980)  describe  such  simulations  as  behavior  anomaly 
tests  which  show  "obvious  flaws  in  model  assumptions." 

Undoubtedly,  simulation  can  help  a  modeler  eliminate  hidden  errors  in 
model  equations  —  but  what  does  it  add  to  the  quality  of  the  analyst's 
-  conceptual  model  -  from  which  the  business  structure  analysis  is  written? 

■ '■  Here  I  will  argue  that  the  process  of  discovering  formulation  errors  by 

4 
simulation  adds  very  little  to  the  quality  of  a  conceptual  model. 

Simulation  helps  pinpoint  errors  in  translating  a  conceptual  model  into 
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equations.   But  the  translation  errors  are  not  necessarily  errors  in  the 
conceptual  model  itself.   In  my  opinion,  the  vast  majority  of  formulation 
errors  arise  because  algebraic  and  difference  equations  do  not  lend 
themselves  readily  to  representing  a  conceptual  model  expressed  in  spoken 
or  written  language. 

To  illustrate  the  point  I  will  describe  a  formulation  error  that 
cropped  up  in  the  MBM  model  centered  on  shipments  scheduling.   The  reader 
will  recall  that  MBM  factories  try  hard  to  eliminate  past  due  orders  by 
expediting.   Reasonably  enough,  then,  an  early  formulation  for  shipments 
scheduling  included  a  very  sensitive  term  for  past  due  orders.   The 
formulation  is  shown  below: 

A  SS.K  =  OTO.K  /  CDI.K  +  PDO.K  /  TCPDO             (15) 

C  TCPDO  =  1  WEEK  (16) 

A  OTO.K  =  OB.K  -  PDO.K  (17) 

A  PDO.K  =  OB.K  *  FOPD.K  (18) 

A  FOPD.K  =  1  -  (CDI.K  /  DI.K)  (19) 

where : 

SS  Scheduled  Shipments  (Units/Month) 

OTO  On  Time  Orders  (Orders) 

OB  Orders  Booked  (Orders) 

PDO  Past  Due  Orders  (Orders) 

GDI  Committed  Delivery  Interval  (Months) 

TCPDO  Time  to  Correct  Past  Due  Orders  (Months) 

FOPD  Fraction  of  Orders  Past  Due  (Dimensionless) 

DI  Delivery  Interval  (Months) 

To  understand  the  formulation,  first  suppose  there  are  no  past  due 
orders.   Then,  according  to  equation  15,  the  factory  schedules  shipments  at 
a  rate  that,  on  average,  clears  the  backlog  within  the  committed  delivery 
interval  —  an  idea  that  is  represented  mathematically  as  the  ratio  of 
on  time  orders  to  committed  delivery  interval.   However,  if  some  orders  in 
backlog  are  past  due,  the  factory  follows  a  different  procedure.   Past  due 
orders  are  expedited  in  an  interval  of  one  week,  which  is  only  1/12  of  the 
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committed  delivery  interval. 

But  what  are  past  due  orders?  They  are  easy  to  describe  and  measure  in 
the  real  system  —  they  are  orders  waiting  to  be  shipped  from  the  factory 
whose  promised  delivery  date  has  already  gone  by.   However,  in  a  continuous 
simulation  model  one  cannot  easily  track  the  due  dates  of  individual  orders 
in  backlog,  so  one  cannot  write  an  exact  equation  for  past  due  orders. 
Instead  one  must  settle  for  a  formulation  which  estimates  past  due  orders 
indirectly,  as  in  equations  18  and  19.   Consider  first,  equation  19.   This 
equation  approximates  the  fraction  of  a  factory's  orders  that  are  past  due 
by  comparing  the  factory's  delivery  interval  with  the  committed  delivery 
interval  (the  interval  quoted  by  salesmen  to  customers).   If  both  intervals 
are  the  same,  the  factory  is  delivering  on  time,  so  the  value  of  past  due 
orders  from  equations  18  and  19  is  zero.   If,  however,  delivery  interval  is 
greater  than  committed  delivery  interval  then  the  factory  is  making  some 
late  shipments,  so  past  due  orders  are  greater  than  zero. 

The  formulation  for  scheduled  shipments  makes  sense,  yet  simulations  of 

5 
a  test  model  containing  the  formulation  produced  implausible  behavior. 

(The  reader  should  note  that  the  test  model  is  similar  to  the  model  listed 

in  the  appendix,  but  contains  an  extra  level  of  finished  inventory  and  an 

inventory  control  policy.)   Figure  3  shows  the  system's  response  to  an 

unexpected  10  percent  monthly  ramp  in  customer  orders.   Surprisingly, 

delivery  interval  falls  from  its  initial  equilibrium  value  of  3  months  to  a 

minimum  of  2.4  months.   One  would  expect  the  opposite  result.   If  customer 

orders  increase  unexpectedly,  common  sense  suggests  that  delivery  interval 

should  rise,  at  least  to  begin  with. 

The  odd  result  of  the  simulation  led  to  a  careful  search  for  an 

explanation.   The  search  consumed  an  entire  day  of  analysis.   The  first 
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Figure  3:      A  Simulation  That  Revealed  a   Formulation  Error 
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mystery  to  explain  was  why  delivery  interval  fell,  even  immediately  after 
the  start  of  the  ramp.   A  short  simulation,  with  the  time  scale  magnified 
20  times,  revealed  ttet,  in  fact,  interval  rose,  very  briefly,  but  then 
promptly  fell.   More  interestingly,  the  same  simulation  revealed  a  growing 
3/16  month  fluctuation  in  expedited  shipments! !   The  test  pointed  to  a 
numerical  problem  arising  from  the  approximate  formulation  used  for  past 
due  orders.   There  is  not  space  here  to  reproduce  the  entire  analysis.  The 
point  is  that  simulation  experiments  isolated  errors  in  the  formulation  of 
both  scheduled  shipments  and  past  due  orders  which  then  led  to  revisions. 
But  the  example  reports  more  than  just  a  formulation  error.   It  shows 
that  the  discovery  of  formulation  errors  through  simulation  is  a  painstak- 
ing, time  consuming  process  and  that  the  learning  is  sometimes  (and  perhaps 
most  often)  very  "technical."  The  fruit  of  one's  learning  is  not  necessar- 
ily a  better  conceptual  model  but  more  likely  an  improved  translation  of 
descriptive  comments  into  good  algebra! 

Telling  Better  Stories  about  Dynamic  Behavior 

When  a  modeler  is  satisfied  with  the  formulations  of  his  model,  then 
what  else  does  he  learn  from  simulation?  Sometimes  he  may  discover  a  flaw 
in  his  own  reasoning.   His  expectations  of  the  system's  behavior  (based  on 
i.ntuition)  differ  from  the  simulated  behavior  for  valid,  but  previously 
unsuspected,  reasons.   All  modelers  doubtless  have  experience  of  learning 
from  surprise  behavior  (Mass,  1981  discusses  the  importance  of  diagnosing 
surprise  model  behavior).   But  very  often  learning  is  less  dramatic.   The 
modeler's  intuition  about  system  behavior  may  be  broadly  consistent  with 
simulations,  but  the  simulations  fill  gaps  in  his  logic,  help  him  visualize 
dynamic  behavior  and  help  him  explain  behavior  better  to  himself  and 
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others.   To  illustrate  this  incremental  learning  we  will  see  how  simula- 
tions help  explain  self-suppressing  demand  at  MBM. 

First  let  us  recall  the  business  structure  analysis.   Self-suppressing 
demand  is  explained  with  a  "story"  based  on  two  feedback  loops  that  couple 
MBM's  production  planning  to  the  customer's  behavioral  ordering  policy. 
The  story  begins  with  a  narrative  interpretation  of  each  loop.   One  loop  is 
a  self-regulating  demand  loop  which  ensures  that  aggregate  demand  is,  on 
average,  in  exact  balance  with  MBM's  production  capacity.   The  other  loop 
is  a  positive  feedback  loop  that  generates  self-fulfilling  forecasts.   It 
tends  to  prolong  and  exacerbate  any  product  shortage  by  inadvertently 
factoring  the  consequences  of  product  shortage  (depressed  orders)  into  bhe 
forecast.   The  story  ends  with  the  following  speculation: 

"Imagine  now  what  happens  when  the  two  loops 
are  combined.   If  product-availability  de- 
clines, the  self-regulating  loop  swings  into 
action,  depressing  orders.   The  self-fulfill- 
ing forecast  loop  uses  the  declining  order 
stream  as  a  basis  for  production  scheduling 
and  thereby  exacerbates  the  product  shortage. 
By  adding  the  forecast  loop  to  the  self -reg- 
ulating demand  loop,  it  is  possible  for  a  firm 
to  create,  unintentionally,  a  system  of  dis- 
tributed decisionmaking  that  consistently  un- 
derestimates the  size  and  potential  of  its 
market." 

Undoubtedly  this  story  makes  headway  in  explaining  self-suppressing 
demand  —  but  it  leaves  gaps  in  the  argument.   Why,  for  example,  should 
product  availability  decline  in  the  first  place?  What  does  it  mean  for  a 
firm  to  "consistently  underestimate  the  size  and  potential  of  its  market?" 
Simulation  clarifies  these  ambiguities  by  allowing  us  to  visualize  the 
system's  behavior. 

Figure  9  shows  the  model's  response  to  a  one  time  twenty  percent 
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increase  in  sales  effort.   The  model  starts  in  an  equilibrium  state,  with 
customer  orders  and  production  of  100  units  per  month.   When  sales  effort 
increases,  orders  increase  correspondingly  to  a  peak  of  120  units  per 
month.  However,  as  time  goes  by,  orders  are  gradually  eroded  until  they 
settle  at  a  new  equilibrium  of  110  units  a  month  -  an  increase  of  10  units 
a  month,  but  only  half  the  possible  increase.   Meanwhile,  production 
increases  slowly  and  steadily  until  it  exactly  equals  customer  orders. 

But  why  are  orders  permanently  depressed?  The  descriptive  analysis 
suggested  that  with  inadequate  backlog  control,  MBM's  delivery  interval 
might  rise  above  the  industry  average.   Simulation  allows  us  to  visualize 
the  phenomenon.   Figure  10  shows  that  delivery  interval  rises  from  3  months 
to  a  permanently  higher  value  of  about  3.75  months.   Interestingly  (as 
additional  simulations  showed),  the  final  equilibrium  value  of  delivery 
interval  depends,  in  part,  on  the  shape  of  the  exogenous  change  in  sales 
effort.   The  larger  the  step  change  in  sales  effort,  the  larger  the  final 
value  of  interval.   In  other  words,  the  manufacturing  system's  policies  do 
not  regulate  interval  —  they  allow  it  to  drift.   The  amount  of  drift  is 
proportional  to  the  systematic  bias  in  the  business  forecast  —  an 
important  fact  which  was  not  in  the  least  apparent  from  the  descriptive 
analysis. 

Simulation  also  allows  us  to  probe  into  the  "mechanics"  of  manufactur- 
ing policy  to  better  understand  such  processes  as  forecasting,  slot 
planning  aind  expediting.   Figure  11  shows  clearly  the  self-fulfilling 
character  of  a  business  forecast  which  averages  customer  orders.   When 
orders  increase  unexpectedly,  the  forecast  increases  too,  but  only 
gradually.   As  customer  orders  decline  (due  to  increased  delivery 
interval),  the  forecast  changes  course.   Instead  of  continuing  upward 
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Figure   9:      Visualizing  Self-Suppressing  Demand 
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Figure   10:      Drift  in  Delivery  Interval 
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toward  the  peak  of  customer  orders,  it  homes  in  slowly,  but  accurately,  on 
the  final,  depressed  value  of  orders. 

Figure  12  shows  how  the  slot  planning  system  comfortably  accommodates 
the  surge  of  orders,  despite  the  downward  bias  of  the  forecast.   When 
customer  orders  arrive  in  excess  of  the  forecast,  they  are  assigned  the 
earliest  convenient  slot  in  the  pre-planned  manufacturing  schedule.   As  a 
result,  the  percentage  of  planned  orders  committed  to  customer  orders 
increases  —  but  unexpected  orders  remain  at  zero,  since  each  customer 
order  has  been  scheduled!   The  end  result  is  that  orders  booked  are  allowed 
to  rise  too  high  —  higher  than  they  should  if  deliveries  are  to  remain 
competitive.   The  shaded  area  in  the  figure  shows  the  "excess"  (but 
unnoticed)  orders  accumulated  in  the  system. 

Although  slot  planning  allows  the  production  schedule  to  slip  in  time, 
expediting  compensates  to  some  degree,  as  figure  11  shows.   Production   :'- 
suggested  by  the  schedule  rises  as  the  production  dates  of  planned  orders 
come  due.   But  scheduled  shipments  rise  more  rapidly  because  of  the 
unanticipated  surge  of  demand.   Factories  try  to  expedite  production  by 
"juggling"  the  schedule  and  "borrowing"  for  use  today,  materials  and  parts 
planned  for  use  in  the  future.   The  simulation  shows  the  compromise  produc- 
tion rate  that  results  from  expediting. 

Explaining  Surprise  Behavior 

The  MBM  model  revealed  no  major  surprises  in  dynamic  behavior.   In 
retrospect,  the  descriptive  analysis  is  not  contradicted  by  simulations. 
However,  simulations  did  reveal  some  minor  surprises.   Here  is  an  example. 
Suppose  MBM's  production  were  to  become  more  flexible,  in  other  words  more 
responsive  to  schedule,  so  shipments  are  less  constrained  by  the 
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Figure  11:   Visualizing  a  Self-fulfilling  Forecast 
and  the  Expediting  Process 
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established  sequence  of  planned  orders.   Would  this  greater  ability  to 
expedite  improve  the  firm's  delivery  performance?  Intuition  suggests  it 
would,  because  any  time  a  customer  order  is  late  the  factories  are  more 
able  to  reschedule  production  to  hurry  the  order's  completion.   It  is  a 
simple  matter  to  test  the  proposal  by  increasing  the  model  parameter  called 
"flexibility  of  production"  and  then  repeating  the  simulation. 

The  result,  shown  in  figure  13  shows  the  intuitive  logic  to  be  faulty 
(though  not  completely  wrong).   With  greater  flexibility  of  production,  the 
factories'  production  rate  follows  scheduled  shipments  more  closely,  as 
expected.   (The  reader  should  compare  figure  13  with  figure  11.)   But,  by 
accelerating  production,  planned  orders  are  consumed  more  quickly,  with  two 
surprise  consequences.   Both  production  suggested  by  the  schedule  and 
scheduled  shipments  are  lower  than  before.   Production  suggested  by  the 
schedule  is  lower  because  expediting  depletes  planned  orders,  by 
"borrowing"  for  today,  parts  and  materials  committed  to  future  production. 
Scheduled  shipments  are  lower  for  a  related  reason.   The  factories,  by 
striving  to  ship  current  orders  on  time,  are  forced  to  quote  longer 
intervals  on  future  orders!   Here  is  a  classic  case  of  "counterintuitive" 
better  before  worse  behavior. 

S'JMMARY  AND  CONCLUSION 

Learning  is,  in  part,  a  process  of  discovery  —  discovering  new  ways  to 
structure  the  information  made  available  to  us  by  our  environment  and  our 
experiences.   In  this  paper  we  have  reflected  on  the  discoveries  one  makes 
about  business  policy  by  using  system  dynamics  modeling.   Three  types  of 
learning  occur. 

Business  structure  analysis  enables  one  to  understand  the  system's 
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Figure  13:   An  Example  of  Surprise  Model  Behavior 
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behavioral  policies  and  to  visualize  the  feedback  loops  that  connect 
policies.   Additional  learning  comes  from  telling  "stories",  based  on  the 
structure,  which  explain  business  problems.   In  MBM's  case,  business 
structure  analysis  "explains"  how  the  company,  by  following  seemingly 
reasonable  policies  for  production  planning,  can  suppress  its  own  demand. 

Formulation  (structural  diagramming  and  equation  writing)  refines  the 
modeler's  understanding  of  behavioral  decisionmaking  and  feedback  struc- 
ture.  Much  of  the  learning  at  this  stage  comes  from  the  discipline  of 
linking  decision  functions  to  the  conserved  stock  and  flow  network.   Formu- 
lation of  the  MBM  model  showed  the  need  to  distinguish  clearly  between 
expediting  and  forward  planning  of  production.   It  also  revealed  clearly 
the  reason  for  MBM's  weak  backlog  control  —  the  factories'  inability  to 
recognize  unexpected  customer  orders  in  its  slot  planning  system. 

Simulation  helps  the  modeler  learn  by  revealing  formulation  errors.   It 
also  helps  the  modeler  visualize  and  explain  dynamic  behavior  and  so  tell  a 
better,  more  precise  "story"  than  he  could  by  relying  solely  on  intuitive 
analysis. 

What  conclusion  does  one  draw  from  the  learning  experiment?  A  most 
interesting  result  is  the  similarity  of  the  business  structure  analysis  and 
the  later  simulation  analysis.   Neither  the  model's  boundary  nor  the  style 
of  explanation  of  MBM's  problems  changed  as  a  result  of  building  a  full- 
fledged  simulation  model.   The  chief  benefit  of  the  simulation  model  was  in 
the  depth  and  clarity  of  explanation  it  allowed.   Several  ideas  flow  from 
this  observation. 

First,  there  is  clearly  a  value  to  a  descriptive  survey  of  business 
structure  in  its  own  right.   My  point  here  is  the  same  that  Wolstenholme 
makes  when  distinguishing  between  qualitative  and  quantitative  system 
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d7namic3.   The  value  of  a  survey  comes  from  organizing  and  interpreting 
one's  knowledge  of  the  firm's  policies  and  their  feedback  structure. 
However,  we  should  note  that  a  good  survey  requires  plenty  of  modeling 
experience,  because  the  expert  uses  his  knowledge  of  feedback  structures  to 
help  him  visualize  the  system  and  tell  interesting  (quite  accurate)  stories 
about  dynamic  behavior. 

But  a  descriptive  survey  shows  something  else.   It  shows  that  a  large 
part  of  the  value  of  system  dynamics  business  models  stems  from  the  kind  of 
information  the  modeler  collects.   The  modeler,  as  he  prowls  around  an 
organization,  behaves  just  like  a  process  analyst  (Allison,  1971,  PP. 
67-96).   He  looks  most  closely  at  the  system's  inner  decisionmaking 
"mechanics",  for  it  is  inside  the  organization  that  he  expects  to  find  an 
explanation  for  business  problems. 

There  is  also  a  value  to  simulation  modeling  and  analysis  —  the  value 
of  better,  more  precise  stories  of  dynamic  behavior.   But  the  paper  shows 
that  learning  from  simulation  is  very  inefficient  —  a  fact  that  system 
dynamicists  rarely  acknowledge  (because  they  never  record  how  much  and  how 
fast  they  learned  in  the  descriptive  phase  of  modeling).   The  inefficiency 
arises  in  translating  one's  descriptive  ideas  into  good  algebra.   A  modeler 
spends  most  of  his  time  (60  percent  or  more  in  the  case  of  the  MBM  project) 
interpreting  simulations,  and  much  of  that  in  the  painstaking  process  of 
discovering  formulation  errors.   Very  often  the  discovery  of  errors  doesn't 
improve  his  understanding  of  business  policy  —  instead,  it  reveals  his 
limitations  as  an  equation  writer,  or  equally,  the  limitations  of  algebra 
and  difference  equations  for  expressing  narrative  concepts. 

What  can  be  done  to  overcome  this  problem?  The  best  answer  is  to  hope 
for  much  improved  simulation  languages  that  help  one  to  write  equations,  to 
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see  graphically  the  relation  between  equations  and  structure,  and  to 
rapidly  manipulate  simulation  data  files.   The  philosophy  of  the  STELLA 
modeling  language  is  a  big  step  in  the  right  direction.   More  emphasis  on 
compact  models  would  help  too.   Small  educational  business  models  allow  the 
modeler  to  see  "good  algebra"  and  also  to  explore  a  variety  of  dynamic 
behavior  modes.   These  models  are  the  building  blocks  for  interesting  and 
reasonably  accurate  stories  during  business  structure  analysis.   They  are 
also  the  building  blocks  for  good  formulations. 


?  <: 
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FOOTNOTES 

1)  For  example,  Papert's  (1980)  eloquent  Mindstorma  explains  the  concept 
of  computer-based  learning  environments,  which  he  calls  Microworlds, 
and  shows  how  to  use  the  computer  language  LOGO  to  create  a  microworld 
for  teaching  difficult  concepts  in  geometry  aind  Newtonian  mechanics. 

2)  Here  are  some  of  the  company's  strengths  in  the  datacommunications 
market.   It  tes  a  large  established  base  of  business  customers.   It  has 
modern  manufacturing  facilities  and  plenty  of  experience  producing 
complex  electronic  products.   It  has  a  large  professional  sales  force 
used  for  selling  sophisticated  electronic  systems.   It  has  a  strong 
service  organization  and  a  tradition  of  providing  excellent  service  to 
customers.   The  company  also  has  an  excellent  technical  reputation  that 
derives  from  its  strength  in  research  and  development. 

3)  The  model  listed  in  the  appendix  allows  two  alternative  definitions  of 
reference  planned  orders.   The  first  definition  sets  the  reference 
orders  to  the  number  of  orders  scheduled  —  the  same  formulation 
described  in  the  text.   The  second  definition  sets  the  reference  to  the 
number  of  planned  orders  within  a  specified  target  interval.   (The 
target  interval  itself  can  be  either  the  current  published  interval  or 
a  fixed  industry  interval  of  3  months.)  By  using  the  second  defini- 
tion, one  assumes  that,  when  customer  orders  are  assigned  late 
productions  slots,  factory  schedulers  are  aware  of  the  problem. 
Moreover,  they  try  to  rectify  the  problem  by  adding  excess  planned 
orders  at  the  horizon  (more  than  called  for  by  the  forecast)  and  re- 
scheduling later.   Simulations  of  the  model  using  the  second  definition 
of  reference  planned  orders  also  show  self-suppressing  demand,  unless 
the  target  interval  is  held  fixed. 

4)  I  am  suggesting  that  in  many  instances  narrative  allows  an  accurate 
description  of  individual  assumptions  in  a  conceptual  model  and  that 
one  usually  struggles  to  translate  the  narrative  into  good  algebra. 
However,  I  am  certainly  not  suggesting  that  mathematical  models  are 
therefore  inferior  to  descriptive  models.   The  chief  weakness  of 
descriptive  models  is  that,  no  matter  how  clear  the  individual 
assumptions,  one  cannot  reliably  deduce  their  consequences  from  a 
purely  narrative  analysis. 

5)  The  simulation  interval  was  1/16  month,  much  shorter  than  the  1  week 
(1/4  month)  time  constant  in  equation  15. 
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SAPS  IS  A  BEHAVIORAL  SIMULATION  MODEL  OF  SALES 
AND  PRODUCTION  SCHEDULING  INTENDED  TO  EXAMINE  THE 
SELF  SUPPRESSING  DEMAND  SYNDROME  DESCRIBED  IN  THE 
paper:  system  dynamics  for  the  design  OF  BUSINESS 
POLICY  AND  STRATEGY,  SYSTEM  DYNAMICS  GROUP  WORKING 
PAPER  D-3640-1,  OCTOBER  1984.  SAPS  UAS  WRITTEN  BY 
JOHN  D.W.  MORECROFT  IN  APRIL  19S4  AND  IS  BASED  ON 
A  LARGER  MODEL  NAMED  BPAMS3,  BUSINESS  PLANNING 
AND  MANUFACTURING  SALES  MODELf  VERSION  3. 

CUSTOMER  ORDERING   «************.******************** 
OB.K=OB,J+(DT)(CO.JK-P.JK)  L,2 

OB=IOB  N»2.1 

I0B=300  Cf2»2 

OB      -  ORDERS  BOOKED  (ORDERS)  <2> 

CO      -  CUSTOMER  ORDERS  (ORDERS/MONTH)  <3> 

P       -  PRODUCTION  (UNITS/MONTH)  <8> 

I  OB     -  INITIAL  ORDERS  BOOKED  (ORDERS)  <2> 

CO.KL=SE,K/TS.K  R»3 

CO      -  CUSTOMER  ORDERS  (ORDERS/MONTH)  <3> 
SE      -  SALES  EFFORT  (HOURS/MONTH)  <21> 
IS      -  TIME  PER  SALE  (HOURS/SYSTEM/MONTH)  <4> 

TS,K  =  NTS*EDITS.K  A. 4 

NTS=75  C»4.1 

TS      -  TIME  PER  SALE  (HOURS/SYSTEM/MONTH)  •;:4> 
NTS     -  NORMAL  TIME  PER  SALE  (HOURS/SYSTEM/MONTH)  <4> 
EDITS   -  EFFECT  OF  DELIVERY  INTERVAL  ON  TIME  PER  SALE 
(DIMENSIONLESS)  <5> 


EFFECT  OF  DELIVERY  INTERVAL  ON  TIME  PER  SALE 
EDITS.K  =  TA&LE(TEDITSfPDI .K/IDI f 0f6f  1  )  Af 5 

I  in  =  3  C  T  5  .  1 

TEDITS=.3/l/1.35/1.35/2.5/3.5/5  T,5,2 

EDITS   -  EFFECT  OF  DELIVERY  INTERVAL  ON  TIME  PER  SALE 

(DIMENSIONLESS)  <5> 
TEDITS  -  TABLE  FOR  EDITS  <5> 

PDI     -  PUBLISHED  DELIVERY  INTERVAL  (MONTHS)  <6> 
IDI     -  INDUSTRY  DELIVERY  INTERVAL  (MONTHS)  <5> 

PDI ,K-PDI , J+(DT/TPDI  )  (EDI  . J-PDI  . J)  Lf6 

PDI=IDI  HfQ.l 

TPDI=1  C,6.2 

PDI  -  PUBLISHED  DELIVERY  INTERVAL  (MONTHS)  <6> 

TPDI  -  TIME  TO  PUBLISH  DELIVERY  INTERVAL  (MONTHS)  <6>   . 

EDI  -  ESTIMATED  DELIVERY  INTERVAL  (MONTHS)  <7> 

IDI  -  INDUSTRY  DELIVERY  INTERVAL  (MONTHS)  <5> 

EDI  .K=-(OB.K/FPO,K)*MPH  A. 7 

MPH=6  C»7.1 

EDI     -  ESTIMATED  DELIVERY  INTERVAL  (MONTHS)  <7> 

OB      -  ORDERS  BOOKED  (ORDERS)  <2> 

FPO     -  FIRM  PLANNED  ORDERS  (UNITS)  <12> 

MPH     -  MANUFACTURING  PLANNING  HORIZON  (MONTHS)  <7> 
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PRODUCTION  PLANNING  AND  SCHEDULING   ********************* 
P.KL=SS.K*FP+PSP.K*(1-FP)  R»8 

FP=.3  C»8.1 

p  -  PRODUCTION  (UNITS/MONTH)  <8> 

SS  -  SCHEDULED  SHIPMENTS  (UNITS/MONTH)  <10> 

FP  -  FLEXIBILITY  OF  PRODUCTION  ( D I  MENS  I ONLESS )  <8> 

PSP  -  PRODUCTION  SUGGESTED  BY  PLAN  (UNITS/MONTH)  <V> 

PSP.K=FPO.K/MPH  At9 

PSP     -  PRODUCTION  SUGGESTED  BY  PLAN  (UNITS/MONTH)  <?> 
FPO     -  FIRM  PLANNED  ORDERS  (UNITS)  •:12> 
MPH     -  MANUFACTURING  PLANNING  HORIZON  (MONTHS)  <7> 

SS.K=0&.K/PDI .K  ArlO 

SS      -  SCHEDULED  SHIPMENTS  (UNITS/MONTH)  <10> 
OB      -  ORDERS  BOOKED  (ORDERS)  <2> 
PDI     -  PUBLISHED  DELI'^ERY  INTERNAL  (MONTHS)  <6> 

CPRS.K  =  TABHL(TCPRSf  (P. JK/PSP.K)  »  1  »2r  .  1  )  Sf 11 

TCPRS=0/.06/. 14/. 26/. 44/. 68/. 96/1. 22/1. 4/1. 54 /I. 6  T^ll.l 

CPRS    -  COST  PENALTY  FROM  RESCHEDULING  ( D IMENS I ONLESS ) 
• ::  1 1  ;> 

TCPRS   -  TABLE  FDR  COST  PENALTY  FROM  RESCHEDULING  <11> 

P       -  PRODUCTION  (UNITS/MONTH)  <8> 

PSP     -  PRODUCTION  SUGGESTED  BY  PLAN  (UNITS/MONTH)  <9> 


FIRM  PLANNED  ORDERS  AND  ADDITIONS  TO  PLANNED  ORDERS 
FPO.K^-FPO.  J+(DT)  (APO.  JK-P.  JK)  Lt  12 

FPO=STBF*MPH  Nrl2.1 

FPO     -  FIRM  PLANNED  ORDERS  (UNITS)  <12> 

APO     -  ADDITIONS  TO  PLANNED  ORDERS  (UNITS/MONTH)  <13> 
P       -  PRODUCTION  (UNITS/MONTH)  <8> 

STBF    -  SHORT  TERM  BUSINESS  FORECAST  (UNITS/MONTH)  <14> 
MPH     -  MANUFACTURING  PLANNING  HORIZON  (MONTHS)  •■•7> 

AFO.KL=STBF.K+MIN((UO.K/TCUO)»(STBF.K*MEFP))  Rfl3 

TCU0=1  C.13.1 

MEFP=.25  Cfl3.2 

APO     -  ADDITIONS  TO  PLANNED  ORDERS  (UNITS/MONTH)  <13> 
STBF    -  SHORT  TERM  BUSINESS  FORECAST  (UNITS/MONTH)  <14> 
UO      -  UNEXPECTED  ORDERS  (ORDERS)  •■;15> 

TCUO    -  TIME  TO  CORRECT  UNEXPECTED  ORDERS  (MONTHS)  <13> 
MEFP    -  MAXIMUM  EXPANSION  OF  FORECAST  IN  PLANNING 
(DIMENSIONLESS)  <13> 

STBF.K  =  SMGOTH(CO. JK,TAF)  At  14 

TAF  =  6  Crl4..1 

STBF    -  SHORT  TERM  BUSINESS  FORECAST  (UNITS/MONTH)  <14> 

CO      -  CUSTOMER  ORDERS  (ORDERS/MONTH)  <3> 

TAF     -  TIME  TO  ADJUST  FORECAST  (MONTHS)  ■■;;i4> 


D-3757  49 

APPENDIX 

UNEXPECTED  ORDERS 
UO.K==0B.K-RF'0.K  Arl5 

UO      -  UNEXPECTED  ORDERS  (ORDERS)  <15> 
OB      -  ORDERS  BOOKED  (ORDERS)  <2> 
RPO     -  REFERENCE  PLANNED  ORDERS  (UNITS)  <16> 

RPG.K  =  OS.K*UfJS.K  +  POWTI  .K*(  l-UOS.K)  A»  16 

RPO     -  REFERENCE  PLANNED  ORDERS  (UNITS)  <16;> 
OS      -  ORDERS  SCHEDULED  (UNITS)  <18> 

UOS     -  WEIGHT  FOR  ORDERS  SCHEDULED  ( D IMENSI UNLESS )  <17> 
POUTI   -  PLANNED  ORDERS  WITHIN  TARGET  INTERVAL  (UNITS) 
<20> 

WOS.K=IUGS+STEP(SUOS»TSUOS)  A, 17 

1U0S=1/SU0S=0/T3U0S=40  C»17.1 

UOS     -  WEIGHT  FOR  ORDERS  SCHEDULED  ( D I  MENS  I  UNLESS )  <17> 
IWOS    -  INTIAL  WEIGHT  FOR  ORDERS  SCHEDULED 

(DIriENSIONLESS)  <17> 
SWOS    -  STEP  IN  WEIGHT  FOR  ORDERS  SCHEDULED 

(DIMENSIONLESS)  <17> 
TSWOS   -  TIME  FOR  STEP  IN  WEIGHT  FOR  ORDERS  SCHEDULED 
(MONTHS)  <17> 

Ob.K=^FPO.K*PPOC.K  A>18 

OS      -  ORDERS  SCHEDULED  (UNITS)  <18> 
FPO     -  FIRM  PLANNED  ORDERS  (UNITS)  <12> 
PPOC    -  PERCENTAGE  OF  PLANNED  ORDERS  COMMITTED 
(DIMENSIONLESS)  <19> 

PPOC.K=OB.K/FPO.K  A»19 

PPOC    -  PERCENTAGE  OF  PLANNED  ORDERS  COMMITTED 

(DIMENSIONLESS)  <19> 
OB      -  ORDERS  BOOKED  (ORDERS)  <2> 
FPO     -  FIRM  PLANNED  ORDERS  (UNITS)  <12> 

POWTI  .K  =  FPO.K*( IDI/MPH)*WFT  +  FPO.K*(PDI . K/MPH ) * ( 1 - WFT )  A»20 

UFT=0  Cr 20.1 

POWTI   -  PLANNED  ORDERS  WITHIN  TARGET  INTERVAL  (UNITS) 

<20> 
FPO     -  FIRM  PLANNED  ORDERS  (UNITS)  <12:.- 
IDI     -  INDUSTRY  DELIVERY  INTERVAL  (MONTHS)  <5> 
MPH     -  MANUFACTURING  PLANNING  HORIZON  (MONTHS)  <7> 
WFT     -  WEIGHT  FOR  FIXED  TARGET  (DIMENSIONLESS)  <20> 
PDI     -  PUBLISHED  DELIVERY  INTERVAL  (MONTHS)  <6> 


SALES  EFFORT   *******************************:*********** 
SE.K=IS£*(l+STEP(3SEfT3SE))*(l+RAMP(RSE.K,TRSE))  Ar21 

ISE=7500  Cf21.1 

SBE  =  0/TSSE=^^5  Cf21.2 

TRSE=5  Cf21,5 

SE      -  SALES  EFFORT  (HOURS/MONTH)  <21>  ; 

ISE     -  HOURS/MONTH  <21>  i 

SSE     -  STEP  IN  SALES  EFFORT  (DIMENSIONLESS)  <21>  j 

TSSE     -  TIME  FOR  STEP  IN  SALES  EFFORT  (MONTHS)  <21>  ' 

RSE     -  RAMP  IN  SALES  EFFORT  (FRACTION  PER  MONTH)  <22>  : 

TRSE    -  TIME  FOR  RAMP  IN  SALES  EFFORT  (MONTHS)  <21> 
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RSE.K  =  FIFGE(0, IRSE . T I  ME . K » TER )  A»22 

IRSE=0/TER=20  Cf22 

RSE     -  RAMP  IN  SALES  EFFORT  (FRACTION  PER  MONTH)  <22> 
IRSE    -  INITIAL  RAMP  IN  SALES  EFFORT ( FR ACT  I  ON/MONTH )  <22> 
TER     -  TIME  TO  END  RAMP  (MONTHS)  <22> 


END  OF  STRUCTURAL  EQUATIONS 

SUPPLEMENTARY  EQUATIONS 
RCO.K=SE.K/NTS  £,23 

RCO     -  REFERENCE  CUSTOMER  ORDERS  (ORDERS)  <23> 
SE      -  SALES  EFFORT  (HOURS/MONTH)  <21> 
NTS     -  NORMAL  TIME  PER  SALE  (HOURS/SYSTEM/MONTH)  <4> 

RTS.K=:^NTS  Sj24 

RTS     -  REFERENCE  TIME  PER  SALE  (HOURU/SALE)  <24:> 
NTS     -  NORMAL  TIME  PER  SALE  (HOURS/SYSTEM/MONTH)  <4> 

RDI.K=IDI  St  25 

RDI     -  REFERENCE  DELIVERY  INTERVAL  (MONTHS)  <25> 
IDI     -  INDUSTRY  DELIVERY  INTERVAL  (MONTHS)  <5> 

DI  .K-OB.K/P. JK  S»26 

DI      -  DELIVERY  INTERVAL  (MONTHS)  <26> 
OB      -  ORDERS  BOOKED  (ORDERS)  <2> 
P       -  PRODUCTION  (UNITS/MONTH)  <8> 

POUII .K=FPO.K*(IDI/MPH)  Sf 27 

POUII   -  PLANNED  ORDERS  UITHIN  INDUSTRY  INTERVAL  (UNITS) 
<2  7> 
•FRO     -  FIRM  PLANNED  ORDERS  (UNITS)  <12> 
IDI     -  INDUSTRY  DELIVERY  INTERVAL  (MONTHS)  <5> 
MPH     -  MANUFACTURING  PLANNING  HORIZON  (MONTHS)  <7> 

SPEC  LENGTH=0/DT=. 125/PRTPER=0/PLTPER=1  28 


PRINT  SE»EDITS»DI ,PDI ,TS»RTS  29 

SL      -  SALES  EFFORT  (HOURS/MONTH)  <21> 
EDITS   -  EFFECT  OF  DELIVERY  INTERVAL  ON  TIME  PER  SALE 

(DIMENSIONLESS)  <5> 
DI      -  DELIVERY  INTERVAL  (MONTHS)  ■::26> 
PDI     -  PUBLISHED  DELIVERY  INTERVAL  (MONTHS)  <6> 
TS      -  TIME  PER  SALE  (HOURS/SYSTEM/MONTH)  <4> 
RTS     -  REFERENCE  TIME  PER  SALE  (HOURU/SALE)  <24> 

PRINT  RCO»CO,STBF» APO»PSP»P»SS  30 

RCO  -  REFERENCE  CUSTOMER  ORDERS  (ORDERS)  <23> 

CO  -  CUSTOMER  ORDERS  (ORDERS/MONTH)  <3> 

STBF  -  SHORT  TERM  BUSINESS  FORECAST  (UNITS/MONTH)  <14> 

APO  -  ADDITIONS  TO  PLANNED  ORDERS  (UNITS/MONTH)  •:.13> 

PSP  -  PRODUCTION  SUGGESTED  BY  PLAN  (UNITS/MONTH)  <9> 

P  -  PRODUCTION  (UNITS/MONTH)  <3> 

SS  -  SCHEDULED  SHIPMENTS  (UNITS/MONTH)  <10> 


OB 

OS 

RPO 

POUT  I 

FPO 

UG 

CPRS 
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PRINT  OBf OSfRPOfPOWTI »FPOf UOrCPRS  31 

-  ORDERS  BOOKED  (ORDERS)  <2> 

-  ORDERS  SCHEDULED  (UNITS)  <18> 

-  REFERENCE  PLANNED  ORDERS  (UNITS)  <16> 

-  PLANNED  ORDERS  WITHIN  TARGET  INTERVAL  (UNITS) 
<2  0> 

-  FIRM  PLANNED  ORDERS  (UNITS)  <12> 

-  UNEXPECTED  ORDERS  (ORDERS)  <15> 

-  COST  PENALTY  FROM  RESCHEDULING  ( DI MENS  I  UNLESS ) 
<  1 1  > 


PLOT  RCOf COtP/CPRS  32 

RCO     -  REFERENCE  CUSTOMER  ORDERS  (ORDERS)  <23> 
CO      -  CUSTOMER  ORDERS  (ORDERS/MONTH)  <3> 
P       -  PRODUCTION  (UNITS/MONTH)  <e> 

CPRS    -  COST  PENALTY  FROM  RESCHEDULING  ( DI MENS  I ONLESS ) 
■ :;  1  1  > 

PLOT  DIfPDI »RDI (3»4)  33 

DI      -  DELIiyiERY  INTERVAL  (MONTHS)  <26> 
PDI     -  PUBLISHED  DELIVERY  INTERVAL  (MONTHS)  <6> 
RDI     -  REFERENCE  DELIVERY  INTERVAL  (MONTHS)  •::25> 

PLOT  RCOf C0»3TBFf APOf PSPfPfSS  34 

RCO  -  REFERENCE  CUSTOMER  ORDERS  (ORDERS)  <23> 

CO  -  CUSTOMER  ORDERS  (ORDERS/MONTH)  <3> 

SIBF  -  SHORT  TERM  BUSINESS  FORECAST  (UNITS/MONTH)  <14> 

APO  -  ADDITIONS  TO  PLANNED  ORDERS  (UNITS/MONTH)  <13::- 

PSP  -  PRODUCTION  SUGGESTED  BY  PLAN  (UNITS/MONTH)  <9> 

P  -  PRODUCTION  (UNITS/MONTH)  <8> 

SS  -  SCHEDULED  SHIPMENTS  (UNITS/MONTH)  <10> 

PLOT  0B,0S.RP0tP0WTI/FP0  35 

OB      -  ORDERS  BOOKED  (ORDERS)  <2> 
OS      -  ORDERS  SCHEDULED  (UNITS)  <18> 
RPO     -  REFERENCE  PLANNED  ORDERS  (UNITS)  <16> 
POUTI   -  PLANNED  ORDERS  UIITHIN  TARGET  INTERVAL  (UNITS) 

<20> 
FPO     -  FIRM  PLANNED  ORDERS  (UNITS)  <.12> 

PLOT  0B»P0UII/U0(0.40)/PP0C  36 

OB      -  ORDERS  BOOKED  (ORDERS)  <2> 
POWII   -  PLANNED  ORDERS  WITHIN  INDUSTRY  INTERVAL  (UNITS) 

<2  7> 
UO      -  UNEXPECTED  ORDERS  (ORDERS)  <15> 
PPOC    -  PERCENTAGE  OF  PLANNED  ORDERS  COMMITTED 

(DIMENSIONLESS)  <19> 
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